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Aerosol Optical Depth
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□ Column integrated value (top of the 
atmosphere to surface) 
□ Optical measurement of aerosol loading –
unitless. 
□ AOD is function of shape, size, type and 
number concentration of aerosols
Atmosphere
Figure: NASA ARSET Program
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Comparison of MODIS Standard AOD Retrievals  
☐ The aerosol data assimilation problem 
requires a homogenized dataset of AOD 
across different platforms
☐ Biases between datasets can propagate 
in the model forecast
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Physically Based Retrievals
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Satellite Sensor
Observation 
[S]
Forward Model [F]
S = F(G)
Geophysical Parameter
of Interest 
[G]
• F is a physical model 
derived from first 
principles (e.g. radiative 
transfer model) 
• F is not easily inverted
• The objective of the 
retrieval algorithm is to 
search for a G* that 
minimizes ||S – F(G)||
Satellite Sensor
Observation 
[S]
Transfer Function [f]
G = f(S,A)
Geophysical Parameter
of Interest 
[G]
Empirical Retrievals
• f is a continuous function 
that maps S to G
• Represent f with a 
mathematical function
that contains a set of 
empirical parameters, A
• A are determined from a 
training dataset of pairs 
of G and S observations.
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Observations
☐ Cloud masked, quality controlled, 10 km data
☐ Deep Blue Land 
☐ 3 channels over bright surfaces
☐ 412 nm, 470 nm, and 670 nm
☐ Dark Target Land 
☐ 9 channels over dark surfaces
☐ 412-2100 nm
☐ Dark Target Ocean 
☐ 7 channels over ocean
☐ 470-2100 nm
☐ Aerosol Robotic Network (AERONET) 
observations of AOD
☐ Global network of sunphotometers
☐ 15 minute sampling
☐ Low uncertainty (±0.01)
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Satellite Sensor Observation [S]: 
MODIS MOD04 /MYD04 Level 2 Reflectance
Geophysical Parameter of Interest [G]: 
550 nm AOD
aeronet.gsfc.nasa.gov
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MODIS-AERONET Data Pairs
? 15 years of data (2000-2015)
? ~150K Deep Blue data pairs
? ~100K DT-Land data pairs
? ~40K DT-Ocean data pairs
Additional Data Screening
☐ Outlier removal
☐ Cloud Fraction < 0.7
☐ Used MERRA-2 to “balance” the dataset 
by aerosol type
☐ Reduces number of data pairs by half
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916 M. Petrenko et al.: Multi-sensor Aerosol Products Sampling System (MAPSS)
Fig. 1. Overview of the sampling framework used in MAPSS. Sam-
pling of each spatial spaceborne aerosol product involves extract-
ing values of the pixels that fall within an approximate radius of
27.5 km from the chosen locations. Similarly, ground-based tempo-
ral observations in a particular location are sampled from measure-
ments taken within 30min before and 30min after a satellite passes
over this location.
Table 1), the maximum number of pixels within the 55-km
diameter sample space at nadir for the different sensors are
as follows: MODIS – 25, MISR – 9, OMI – 8, POLDER – 9,
CALIOP – 11, and SeaWiFS – 16.
To determine the effects (if any) of using the circular (in-
stead of square) sample space on the sample statistics, means
of TerraMODIS Collection 5 AOD derived from both sample
spaces (i.e., 50⇥ 50-km square and 55-km diameter circle)
were calculated and plotted against corresponding statistics
from AERONET for comparison (Fig. 2). The results indi-
cate that the difference in the shape of the sampling space
has only a small effect on the derived sample statistics of the
data. However, it was found that the circle-based sampling
produced approximately 22% fewer data points: 2 394 624
data points were generated for the studied 10-yr period using
the square-based sampling, while only 1 881 858 data points
were produced using the circle-based sampling. This differ-
ence can be explained by recalling that, when the ground sta-
tion is located off-nadir of the sensor or off-center of the cen-
tral pixel in the sample space, in order to maintain a uniform
sampling area, the number of pixels in a circle-based sam-
ple can be much reduced even down to 1, depending on the
sensor observation geometry and how far the ground station
is located off-nadir. This can result in a null subset, if none
of the reduced number of sample points contains aerosol re-
trieval. In contrast, the number of pixels in the square-based
samples remains roughly constant regardless of the retrieval
Fig. 2. Impact of the sampling approach on the correlation coeffi-
cient (R) between means of AERONET AOD and Terra MODIS
Collection 005 AOD (QA=3) at 670 nm over land. Circle-based
sampling used in the new MAPSS shows results similar to the
square-based sampling used in the original MAPSS.
geometry conditions, resulting in the larger number of data
points. Additionally, the further inspection of the data re-
vealed that, while the number of the data points decreased
uniformly over most of the sampling locations, it increased
in certain locations, including islands, coastal areas, and lo-
cations in high latitudes. This difference can be attributed to
the greater accuracy of the Haversine formula used in the new
circle-based sampling compared to the Euclidean distance
approach that was used previously. In the MAPSS applica-
tion, the Haversine formula is accurate within approximately
200m, which allows a high precision for improving sampling
in the above-mentioned areas, where aerosol retrievals are
scarcer.
3.1 Statistics of sampled data
Data products with very different spatial resolutions have
been sampled within the uniform 55-km diameter circular
sample space in order to render them as comparable as pos-
sible using appropriate analysis tools. As such, the data sub-
sets sampled over each ground station during each satellite
overpass time are used to calculate a number of appropri-
ate statistics, including their mean, median, mode, and stan-
dard deviation. Corresponding statistics are also calculated
from the temporal subsets of the ground-based measure-
ments. In either case, only data points with valid values of
each measured parameter are used to calculate the statistics.
The ranges of valid data values are established a-priori based
Atmos. Meas. Tech., 5, 913–926, 2012 www.atmos-meas-tech.net/5/913/2012/
Petrenko, et al. AMT (2012) 
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Neural Networks
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Feed-forward Neural Network□ A set of nodes connected by numerical 
weights. 
□ The weights are tuned based on a specific 
training dataset containing input-output 
data pairs. 
□ The superposition of many nonlinear 
transfer functions (nodes) allow NN’s to 
approximate extremely nonlinear 
functions
σ
Input1
Input2
Input3
Output
Weight1
Weight2
Weight3
8
!(!,!) = 11+ exp (−! ⋅ !− !)	
Fig. 1. A taxonomy of neural network architectures (after Jain et al., 1996).
Fig. 3. The logistic function y"1/(1!exp(!x)).
Fig. 2. A multilayer perceptron with two hidden layers.
enables the multilayer perceptron to approximate ex-
tremely non-linear functions. If the transfer function
was linear then the multilayer perceptron would only
be able to model linear functions. Due to its easily
computed derivative a commonly used transfer func-
tion is the logistic function, as shown in Fig. 3. The
output of a node is scaled by the connecting weight
and fed forward to be an input to the nodes in the next
layer of the network. This implies a direction of in-
formation processing, hence the multilayer perceptron
is known as a feed-forward neural network. The archi-
tecture of a multilayer perceptron is variable but in
general will consist of several layers of neurons. The
input layer plays no computational role but merely
serves to pass the input vector to the network. The
terms input and output vectors refer to the inputs and
outputs of the multilayer perceptron and can be repre-
sented as single vectors, as shown in Fig. 2. A multi-
layer perceptron may have one or more hidden layers
and finally an output layer. Multilayer perceptrons
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[49] Figure 4 illustrates the main steps of our new land
algorithm. Each individual MODIS scene, called a granule,
consists of a 5-min swath of data, measuring approximately
1340 km by 2030 km. The relevant Level 1 B (L1B) data
include calibrated spectral reflectance in eight wavelength
bands at a variety of spatial resolutions, as well as the
associated geolocation information. The spectral data include
the 0.66 and 0.86 mm channels (MODIS channels 1 and 2 at
250 m resolution), the 0.47, 0.55, 1.24, 1.64, and 2.12 mm
channels (channels 3, 4, 5, 6, and 7 at 500 m), and the
1.38 mm channel (channel 26 at 1 km). The geolocation
data are at 1 km and include angles (q0, q, 8, and Q),
latitude, longitude, elevation, and date. L1B reflectance
values are corrected for water vapor, ozone, and carbon
dioxide (described in ATBD-2006) before proceeding.
[50] The first step is to organize the measured reflectance
into nominal 10 km by 10 km boxes (corresponding to 20 by
20, or 40 by 40 pixels, depending on the channel). The
400 pixels in the box are evaluated pixel by pixel to identify
whether the pixel is suitable for aerosol retrieval. Clouds
[Martins et al., 2002], snow/ice [Li et al., 2005], and inland
water bodies (via NDVI tests) are considered not suitable
and are discarded. Details of this masking are also described
in ATBD-2006.
[51] The nonmasked pixels are checked for their bright-
ness. Pixels having measured 2.12 mm reflectance between
0.01 and 0.25 are grouped and sorted by their 0.66 mm
reflectance. The brightest (at 0.66 mm) 50% and darkest
20% are discarded, in order to reduce cloud and surface
contamination and scale toward darker targets in the visible
wavelengths. If there are at least 12 pixels remaining (10%
Figure 4. Flowchart illustrating the derivation of aerosol over land for C005.
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Generate L2 Reflectance
q Cloud mask
q Quality control
Collect Relevant Auxiliary Data
q Surface reflectance
q Aerosol type – optical 
properties
550 nm AOD
Do Inversion
Neural Network 
trained with 
MODIS-AERONET 
observations
L1 Reflectance
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GEOS-5 NNR for AOD
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DT-Land: MCD43C1 BRDF 
Deep Blue: MxD04 Assumed Surface 
Reflectance
Aerosol Type
INPUT LAYER
N-Nodes = 
2xN-Inputs log(550 nm AOD)
OUTPUT LAYER
Surface Reflectance
HIDDEN LAYER
9-channel DT-Land: 412-2100 nm
3-channel Deep Blue: 412,470,660 nm
7-channel DT Ocean: 470-2100 nm 
MxD04 L2 Reflectance
Scattering Angle
cos(SZA)
Glint Angle
Scene Geometry
GEOS-5 Aerosol Composition
fdust, fBC+OC, fsulfate, fsea-salt
For training we use MERRA-2
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NNR Training, Testing, Validation
□ Train & Test
□ Iteratively train and test adjusting input variables, architecture, etc. to 
optimize neural network
□ Cross Validation
□ K-folding: create K subsets of data, using K-1 for training, and 1 for 
testing.  Iterate K times.
□ Validate
□ Use a separate dataset, 
not used to train/test
□ Observations after 2015
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NNR Training & Testing
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AQUA DEEP BLUE NNR RMSEMYD04 RMSE
GEOS-5 Aerosol Type
MYD04 Assumed 
Surface Reflectance
Level 2 MODIS 
Observation
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Geometry
Error bars indicate the 
spread in the K-folds
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LAND - Bright Surface OCEAN
NNR Testing
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NNR Testing
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NNR RMSE < MODIS Standard Retrieval NNR RMSE > MODIS Standard Retrieval
[%]
LAND - Bright Surface
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NNR Testing
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NNR RMSE < MODIS Standard Retrieval NNR RMSE > MODIS Standard Retrieval
[%]
LAND - Dark Surface OCEAN
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LAND – Dark Surface OCEANLAND - Bright Surface
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NNR Validation
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NNR RMSE < MODIS Standard Retrieval NNR RMSE > MODIS Standard Retrieval
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NNR Applied to Entire MODIS Time Series: TERRA
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NNR Applied to Entire MODIS Time Series: TERRA Climatology
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MODIS Standard Retrieval Neural Network Retrieval 
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NNR Applied to Entire MODIS Time Series: TERRA
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MODIS Standard Retrieval Neural Network Retrieval 
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Summary & Outlook
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□ The NNR provides a way to homogenize the AOD observing system for data 
assimilation
□ Validation with independent data indicates that the error characteristics of the 
NNR are stable [for the most part]
□ Future Work
□ Validate over open ocean with Marine Aerosol Network (MAN) Observations
□ Periodic retraining for near real-time application
□ Do calibration drifts require multiple networks?
□ Improve training data set
□ More QA filtering, balancing
□ Multiple targets
□ Multi-channel AOD
□ SSA
□ Angstrom Exponent
□ Geostationary observations
patricia.castellanos@nasa.gov
440 nm AOD 660 nm AOD
